Abstract: It is difficult to estimate the effects of vegetation on dust-storm intensity (DSI) since land surface data are often recorded aerially while DSI is recorded as point data by weather stations. Based on combining both types of data, this paper analyzed the relationship between vegetation and DSI, using a panel data-analysis method that examined six years of data from 186 observation stations in China. The multiple regression results showed that the relationship between changes in vegetation and variance in DSI became weaker from the sub-humid temperate zone (SHTZ) to dry temperate zone (DTZ), as the average normalized difference vegetation index decreased in the four zones in the study area. In the SHTZ and DTZ zones, the regression model could account for approximately 24.9% and 8.6% of the DSI variance, respectively. Lastly, this study provides some policy implications for combating dust storms.
Introduction
Dust events exert various impacts on radiative forcing, human health, and agricultural production (Cyranoski, 2003; Prospero and Lamb, 2003; Prospero et al., 2012) , and dust can be transported over thousands of kilometers (Fischer et al., 2009; Tan et al., 2012) . So, the changes in dust-storm intensity (DSI) and the causative factors have been a central focus of much global research. In the existing literature, DSI is expressed by different measures. First, dust-storm frequency (DSF) is widely used as a measure of dust activity over a range of time scales (McTainsh et al., 2005; Yang et al., 2007; Goudie, 2009; Wang et al., 2004; Yumimoto et al., 2010; Liu and Liu, 2015) . Second, the duration of dust storms has been used as a measure by some authors (Liu and Park, 2007) ; for example, Yao et al. (2011) analyzed the spatial differences in durations of dust storms in the Alxa Plateau of China from 1961 to 2005. Third, dust visibility or the concentration of dust is also used as a measure of DSI (McTainsh et al., 1998) . Based on these studies, it is easy to infer that DSI has a close relationship with frequency, duration, and visibility of dust storms. Thus, some studies provide comprehensive measures of the intensity of dust storm (McTainsh et al., 2011; O'Loingsigh et al., 2014) . For example, McTainsh et al. (2011) provide a composite measure of the intensity of dust storm, using the World Meteorological Organization's (WMO) SYNOP codes. Tan et al. (2014) define the DSI of China by considering the frequency, duration, and visibility of dust storms.
The changes in DSI are affected by various factors including precipitation, temperature, wind speed, soil moisture (Prospero and Lamb, 2003; Gong et al., 2004; McTainsh et al., 2005; Yang et al., 2007) . When examining these factors further, this study thinks that both land surface (e.g., dust source and low ground surface coverage) (Yang et al., 2007) and wind speed directly affect DSI (Xiao et al., 2008) (Figure 1 ). Human activities and environmental variables (e.g., precipitation, temperature) are mainly responsible for changes in vegetation and land surface (Xu et al., 2006; Cook et al., 2009; Wang et al., 2009) .
In earlier studies, the effect of climatic factors on DSF has attracted much attention, and factors such as precipitation, temperature, and wind speed have been quantitatively measured (McTainsh et al., 1998; Shao and Dong, 2006; Zhu et al., 2008) since they are all point data recorded by meteorological observation stations. In contrast, the effect of vegetation on dust storm activity has often been ignored, principally because dust events are often recorded as point data, while vegetation are recorded as aerial data. At present, little literature is focused on the effects of vegetation on DSI, although a few earlier studies have examined the relationship between vegetation and DSF (Engelstaedter et al., 2003; Xu et al., 2006) . Thus, this study calculated DSI in China, considering the frequency, duration, and visibility of dust events. Then, the relationship between vegetation and DSI was analyzed by combining the point data (DSI) and aerial data (vegetation), using multiple regression model.
Data and methods

Data
In this study, dust-storm data were gathered from 186 meteorological observation stations run by the China Meteorological Administration (CMA) (Figure 2 ). The data included geographical location of each observation station, wind speed, wind direction, the start and end times, and the visibility of each dust-storm event.
Vegetation indices such as the normalized difference vegetation index (NDVI) provide a much clearer description of vegetation (Kimura, 2012) . In this paper, the NDVI remote sensing data were obtained from the National Oceanic and Atmospheric Administration's (NOAA) Advanced Very High Resolution Radiometer (AVHRR). The NDVI index consists of bi-weekly composite images at 8-km resolution. 
Division of the temperature zone
Considering the vast differences in NDVI in different regions in northern China, this study divided the stations into four categories: SHTZ, semi-dry temperate zone (SDTZ), DTZ and Qinghai-Tibet zone (QTZ) (Figure 2) . Thus, to analyze the effects of the NDVI on the DSI, four multiple regression models were developed in the above zones respectively. In each model, the selected variables were entered as a block in a single step of the SPSS software program.
Definition of DSI
According to the study by Tan et al. (2014) , the sum value of the DSIs (SDSI j ) of all dust events recorded by a station in year j can be expressed by the following equation: The CMA provided the dust event data from 1980 to 2007. Based on equation (1), the average value for SDSI across all 186 stations for each year can be calculated in this study. According to the time-series curve of SDSI, this study selected six years' data (1983, 1988, 1993, 1998, 2003 and 2006) from 186 observation stations to examine the changes in NDVI and the effects on DSI, using a panel data-analysis method.
Combining the DSI and NDVI data
To combine the DSI and NDVI data, this study firstly built five buffers at 10 km, 20 km, 30 km, 40 km and 50 km from each station (Figure 3 ). Then, this study calculated the average values of the NDVI in the spring and the summer at the 5 buffers, respectively. Using a bivariate correlation model of an SPSS software package, the correlation coefficients of the DSI and the NDVI values were calculated. The model showed that the NDVI had a closer association with the DSI both in the spring and the summer in the 20-km buffer than in the other buffers. Thus, this study selected the NDVI variable in the 20-km buffer as the independent variable to explain the effect of the NDVI on the DSI (Table 1) . Note: Correlation is significant at the 0.01 level (2-tailed) for all variables. The variables from Spr_10 to Spr_50 in this table, were the average values of NDVI in the spring from 10 km to 50 km buffers, respectively. Similarly, the variable from Sum_10 to Sum_50 are the values in the summer in the previous year from 10 km to 50 km buffers, respectively. The variable of SDSI was calculated using the equation (1). The correlation coefficients of the DSI and the NDVI values were calculated, using a bivariate correlation model of an SPSS software package.
In the western and northern plateau areas in the study region, the low temperature and high altitude created a shorter growing season (July and August) (Duan et al., 2011) . In August, the NDVI levels increased to a maximum value. Thus, the average values in July and August were therefore selected to represent the NDVI in the summer for the previous year, since vegetation components (roots, humus, etc.) in these two months can influence the soil texture during the subsequent winter months (Xu et al., 2006) . In addition, because about 70% of the dust events occurred in March, April and May, the average of the NDVI values for these three months was then regarded as representative of the NDVI value for the spring Figure 3 The NDVI values in five buffers of the current year.
As linearity is necessary in multiple regression analysis, this paper used logarithms of the independent variables, including the average NDVI values of summer (LnSum_20) and spring (LnSpr_20) in the 20-km buffer ( Table 2 ). Given that an NDVI value may vary across grids in a buffer (Figure 3) , the standard deviation values of the NDVI in the summer (Sum_20STD) and the spring (Spr_20STD) were regarded as independent variables (Table 2 ). The two variables were used to measure how much variation or dispersion from the average values of all grids in a buffer. A low value of standard deviation indicates that the data grids tend to be closer to the mean. In 1983, the DSI was significantly higher than that in the other years, so the dummy variable (V_1983) for 1983 was incorporated into the regression model. As discussed above, wind and vegetation directly affect the DSI. Thus, the average of annual wind speed (Wind) was selected as an independent variable in this study.
Results and discussion
Changes in DSI
The results show significant spatial differences in SDSI values in different sub-periods at the 186 stations. In spatial distribution, SDSIs of higher values were located mainly in the DTZ (Figure 4 )-for instance, around the Mu Us Desert and Hobq Desert and the southern edge of the Taklimakan Desert in Xinjiang (Figures 2 and 4) . For most observation stations, in 1983, the DSI values were much higher than those in the other years. However, Onqin Daq Desert in Inner Mongolia became one of the regions with the highest DSI value in 2006.
Figure 4
The values of SDSI in 1983 SDSI in , 1988 SDSI in , 1993 SDSI in , 1998 SDSI in , 2003 SDSI in and 2006 at the 186 stations, and the distribution of the NDVI in the summer of 2005 in northern China
Relationship between NDVI and DSI
Improvement in vegetation cover can modify surface energy fluxes and water balance (D'Odorico et al., 2013) , fix dunes, and reduce wind speeds (Torita and Satou 2007) , thereby reduce DSI.
Table 2 also shows that LnSum_20 had a negative effect on the DSI in all the four models. This implied that the DSI decreased as the condition of the vegetation improved in the summer of the previous year. This is consistent with the study of Xu et al. (2006) which thinks vegetation components in the summer can influence the soil texture and dust activities during the subsequent winter months. On the contrary, in the four models, the LnSpr_20 had no close association with the DSI, which meant that the condition of the vegetation in the spring had no significant effects on DSI. The main reason is that the changes in the NDVI values could not been fully reflected in the spring, since the two months in March and April are not the growing season in many areas in the study region mainly due to low temperature. In addition, Figure 5 shows that the changes in the NDVI values in the summer were much larger than that in the spring. The average of the NDVI values in the 20-km buffer of 186 stations increased by 19.4% in the summer from 1983 to 2003, while the value only increased by 4.3% in the spring. The more rapid improvement in the summer may have more significant effects on the DSI. This is different from the existing literature. For instance, Liu et al. (2004) think the vegetation condition in the spring has a close relationship with the variation pattern of the spring DSF in northern China. In the study, the researchers do not discuss the effects of the vegetation condition in the summer on DSF.
In addition, in the SDTZ model only, the standard deviation of the NDVI in the summer (Sum_20STD) had a significant negative effect on the DSI, which meant that a uneven distribution of vegetation could decrease the DSI in the SDTZ. Similarly, in the DTZ model only, the standard deviation of the NDVI in the spring (Spr_20STD) had a negative relationship with the DSI at a 10% level of significance.
In all models, the dummy variable of V_1983 had a significant positive relationship with the dependent variable, since the DSI values in 1983 were much higher than those in the other years.
The Wind variable had significant influence on the DSI, except in the SDTZ model. In this study, the wind speed was the annual average value at every observation station, because it is difficult to obtain the wind speed data for every dust event. This may distort the true effect of wind speed on DSI, which may be one of the reasons that the Wind variable had no significant effect on the DSI in the SDTZ model. In the existing literature, strong wind is often regarded as one of three conditions for the formation of dust storms as well low ground surface coverage and rich dust source (Yang et al., 2007; Xiao et al., 2008) . In the future study, it is necessary to collect the wind speed data for every event during the study of DSI.
Moreover, there is a clear relationship between the NDVI and the variance in DSI-the relationship weakened as the average NDVI value decreased in the four zones ( Figure 6 ). Specifically, the average NDVI values in summer declined from 0.498 in the SHTZ zone to 0.227 in the DTZ zone for the selected six years, respectively. Correspondingly, the adjusted Figure 6 ). Thus, the relationship between the NDVI and the DSI was strongest in the SHTZ model, and weakest in the DTZ model (Table 1) . The SHTZ and DTZ models accounted for approximately 24.9% and 8.6% of the variance in DSI, respectively. Previous studies have shown similar results: the improved condition of the vegetation in the Chinese deserts within 200 mm/y and 400 mm/y precipitation zones decreased the surface dust concentrations by 10%-50% in most regions, using the Northern Aerosol Regional Climate Model for analyzing the distribution of dust storms in 2001 (Gong et al., 2004) .
The above discussion can provide some policy implications for combating desertification and reducing the damage of dust storms. In northern China, the vegetation improvement can more effectively decreased DSI, especially in the areas with high vegetation index, for instance in SHTZ. Furthermore, because these areas often have a higher population density and strong human activities, dust storms often cause more extensive damage, compared with the areas with low vegetation index (e.g., in dry temperate zone). Therefore, it may be more urgent and effective to strengthen reforestation and re-vegetation in these areas to decrease DSI and reduce the damage caused by dust events in the areas with a high vegetation index in northern China, such as in the zone of SHTZ.
In addition, using the same dust-storm data from the CMA, the previous-year precipitation and temperature can only explain about 5% of the changes in DSI (Tan et al., 2014) . So, it would appear that vegetation may have a stronger effect on DSI than precipitation and temperature in the last several decades.
Conclusions
By combining DSI and NDVI data, this study firstly presented a method of building five buffers for each weather station. Then, using a bivariate correlation model, the average NDVI values in the 20-km buffer were chosen to explain the changes in DSI, since the values in both the spring and summer had higher correlation coefficients with the DSI in the 20-km buffer than the other buffers. Here, the DSI was defined comprehensively, taking into account the frequency, duration and visibility of dust events.
Based on developing a concept model for explaining the changes in DSI, this study thinks that vegetation and wind speed have a direct effect on DSI. These variables were used to interpret the changes in DSI, using a panel data-analysis method. This study found some interesting results:
First, there is a clear relationship between the NDVI and the variance in DSI. Furthermore, the relationship weakened as the average NDVI value decreased in the four zones. In the Figure 6 The average values of NDVI and the relationship between the NDVI and DSI in the DSI SHTZ, SDTZ, QTZ and DTZ models SHTZ, the relationship was the strongest, while it was weakest in the dry temperature zone. In the two regions, the models accounted for approximately 24.9% and 8.6% of the variance in the DSI, respectively. Thus, it may be more urgent and effective to strengthen reforestation and re-vegetation to decrease DSI and reduce the damage caused by dust events in the areas with higher vegetation index (e.g., the sub-humid temperate zone) in the northern China, because these areas have a higher population density and strong human activities.
Second, the condition of the vegetation in the summer of the previous year had a far more significant effect on the changes in DSI than that in the spring of the current year, because the latter can not fully reflect the changes in vegetation index. Moreover, the changes in the NDVI values in the summer were much larger than that in the spring. For instance, the average of the NDVI values in the 20-km buffer of 186 stations increased by 19.4% in the summer from 1983 to 2003, while the value only increased by 4.3% in the spring. The faster increase in vegetation conditions had more significant effects on the changes in DSI in the summer.
In addition, in the SDTZ, an uneven distribution of vegetation may decrease the intensity of dust storm, according to the model result in this study. This may be worthy of further study in the future.
